ABSTRACT: Previous studies indicate that the locations of the endangered loggerhead Caretta caretta and critically endangered leatherback Dermochelys coriacea sea turtles are influenced by water temperatures, and that incidental catch rates in the pelagic longline fishery vary by region. We present a Bayesian hierarchical model to examine the effects of environmental variables, including water temperature, on the number of sea turtles captured in the US pelagic longline fishery in the western North Atlantic. The modeling structure is highly flexible, utilizes a Bayesian model selection technique, and is fully implemented in the software program WinBUGS. The number of sea turtles captured is modeled as a zero-inflated Poisson distribution and the model incorporates fixed effects to examine region-specific differences in the parameter estimates. Results indicate that water temperature, region, bottom depth, and target species are all significant predictors of the number of loggerhead sea turtles captured. For leatherback sea turtles, the model with only target species had the most posterior model weight, though a re-parameterization of the model indicates that temperature influences the zero-inflation parameter. The relationship between the number of sea turtles captured and the variables of interest all varied by region. This suggests that management decisions aimed at reducing sea turtle bycatch may be more effective if they are spatially explicit.
INTRODUCTION
The incidental catch of sea turtles, termed bycatch, in the pelagic longline fishery has come to the forefront as an issue for fisheries management (Lewison et al. 2004 , Kobayashi & Polovina 2005 . In the US Atlantic pelagic longline fishery, a typical set consists of a single mainline (as long as 50 km) with hundreds to thousands of baited hooks hanging vertically. For swordfish Xiphias gladius, the gear is mainly set in the upper 50 m of the water column, which overlaps greatly with the activities of sea turtles. As loggerhead (Caretta caretta) and leatherback (Dermochelys coriacea) sea turtles encounter a longline, they become caught on the hooks or entangled in the gear. Because both species are protected by the Endangered Species Act and are listed on the IUCN Redlist (IUCN 2004) , and because of the large number of interactions with the longline fishery, understanding the dynamics and causes of these interactions is of great interest (Lewison et al. 2004 , Lewison & Crowder 2007 . To address the rate of sea turtle bycatch in the longline fishery, time-area closures, gear modifications and a number of other measures have been implemented (Gilman et al. 2006) . Although these regulations have decreased undesirable interactions in selected fisheries (Gilman et al. 2007 ), sea turtle bycatch continues and more precise measures are warranted.
Sea turtles are poikilotherms and thus their distributions are influenced by temperature; however, loggerhead and leatherback sea turtles can occur in a broad range of temperatures. Leatherbacks have been observed active in waters ranging from 0 to 30°C, most likely due to their enhanced abilities to preserve and generate heat (Friar et al. 1972 , Paladino et al. 1990 . Similarly, loggerheads inhabit a broad range of temperatures; generally, they are observed active in water temperatures as low as 11°C (Epperly et al. 1995) . The ability to withstand a wide range of temperatures is likely to contribute to the wide distribution of these species, spanning waters from the tropics to the high temperate latitudes. Nevertheless, most sightings of leatherbacks and loggerheads occur between 7 and 27°C, depending on season and region (Shoop & Kenney 1992 , Epperly et al. 1995 , Coles & Musick 2000 . Coles & Musick (2000) argue that, despite their capabilities, turtles are constrained by preferred temperature ranges. Additionally, as local temperature conditions vary seasonally, sea turtle distributions shift accordingly.
The observed preferred temperature ranges of sea turtles may relate directly to the observed patterns in the pelagic longline fishery, as bycatch rates for sea turtles are known to be influenced by water temperature (Witzell 1999 , NMFS 2001 , Watson et al. 2005 . In general, the greater the water temperature in which fishing gear is set, the greater the chance of encountering a sea turtle (Watson et al. 2005) . However, the pattern of bycatch rates may not be so easily explained. Spatial location, or region, also influences the bycatch rates within the pelagic longline fishery. Notably, the catch rate of sea turtles in the northeast distant waters region (NED) has been shown to be higher than other regions for both loggerhead and leatherback sea turtles (Witzell 1999 , NMFS 2001 . From 1992 to 1999, a disproportionate number of interactions occurred in the NED region, including 69% of all loggerhead and 45% of all leatherback sea turtle interactions observed in the US Atlantic fleet, but only 10% of the total observed fishing hauls. As a consequence of this additional regional increase in the probability of encountering a turtle, fishing in the NED region was restricted for US fishermen from 2001 to 2003. Thus, allowing the effect of temperature to vary by region in statistical analyses would likely improve models to predict sea turtle interactions.
To date, studies of sea turtle bycatch rates with respect to temperature have used linear and tabular type analyses, often yielding general, but not precise, correlations. For example, studies show that sea turtles tend to spend more time in a certain temperature range, with a diminishing likelihood of occurrence as the temperature increases or decreases (e.g. see Epperly et al. 1995 , Polovina et al. 2000 . This results in a unimodal shape around the most preferred temperature range, a pattern that would not be well captured by a straight line. To account for this unimodal shape, a quadratic term can easily be included in a statistical model. This term can also be allowed to vary by region.
In addition to including region and temperature (with a quadratic term), many other variables may play a role in capturing sea turtles. The amount of time a set is left in the water could influence whether or not a sea turtle interacts with the line, and thus one might assume that soak time is an important factor to include. Watson et al. (2005) found that soak time was a significant predictor of loggerhead sea turtle catches, but notably, not for leatherback sea turtle catches. Additionally, target species might be important since the bait, hook type, and depth of the set will vary based on the target species (Watson et al. 2005) . Studies have shown higher relative densities of sea turtles in shelf waters as opposed to deeper waters offshore (Shoop & Kenney 1992 , James et al. 2006 , indicating that bottom depth might be another variable related to sea turtle locations and thus captures. While the US fishery primarily targets swordfish in the NED, the longline fishery throughout the western North Atlantic targets a number of other species including bigeye Thunnus obesus and yellowfin tuna T. albacares. The number of variables that could be included in a statistical model is numerous; however, we must be careful not to overparameterize models. This is particularly true when there is a relatively small amount of data, as is the case with sea turtle captures, which are generally considered a 'rare' event. Here, we will focus on establishing a sensible modeling framework that allows more parameters to be included as more data become available, thus continuing to improve modeling efforts to help reduce sea turtle interactions.
We propose a hierarchical zero-inflated Poisson (ZIP) model to examine the influence of environmental variables on the rates of sea turtle bycatch in the US Atlantic pelagic longline fishery. Although much is known about the influence of water temperature on sea turtle distributions, no previous studies have examined the impact of environmental variables, such as water temperature, as a function of region on sea turtle interactions with respect to the pelagic longline fisheries. Additionally, the capture rates of various regions have been noted as being different, but the effect has not yet been quantified. The aim of this study was to combine environmental and fisheries data into a quantitative model to increase understanding of sea turtle occurrence and improve the ability to predict sea turtle bycatch. The intended objective was to build a more flexible modeling framework that would allow for better management decisions with respect to reducing unwanted sea turtle bycatch within the pelagic longline fishery.
MATERIALS AND METHODS

Data.
The data used in these analyses are from the NOAA Fisheries Atlantic pelagic longline observer program, managed by the Southeast Fisheries Science Center, Miami Laboratory (Beerkircher et al. 2004 ). The observer program covers the longline fishery, which operates from south of the equator, and throughout the western North Atlantic to the Grand Banks off Newfoundland, Canada (Fig. 1) . The observer program typically has an individual observer on 3 to 5% of the trips per year and in recent years has increased to a range of 5 to 8%. Each trip contains a number of 'sets', which we will use as the sample unit in this analysis. Trained observers record specific data for each set including number of hooks, water temperature (°C), bottom depth of the sea floor (fathoms), soak time (h), and target species and sea turtle catches, all of which were used in these analyses. For temperature and bottom depth, we used the mean of the recorded values for a set taken at the beginning and end of setting and retrieving the line (a total of 4 possible data values). The soak time is the amount of time that the longline is in the water from when the line is set to when it is retrieved. The target species categories included in the analysis are swordfish, tuna, yellowfin tuna, bigeye tuna, and mixed. The mixed category includes sets geared towards more than one target species (it should be noted that swordfish are usually one of the species targeted, L. Beerkircher pers. comm.) and the tuna category includes any tuna species (Thunnus spp.). Other data collected, such as gear characteristics and weather conditions, were not examined in this paper. Each of the continuous variables analyzed (temperature, soak time, and bottom depth) were standardized by subtracting the mean and dividing by the standard deviation.
For statistical and regulatory purposes, NOAA Fisheries has 11 geographic regions classifying fishing effort for the US pelagic longline fishery ( Fig. 1 ) and 4 seasons per year (Beerkircher et al. 2004) . For this analysis, we examined 3 different regions: Region 7 (NED); Regions 5 and 6 combined (Northeast Coastal and Mid-Atlantic Bight, termed NECMAB); and Region 2 (Gulf of Mexico, GOM). These regions were selected in order to compare the heavily fished Gulf region with 2 different northern regions. All 3 of these regions have been identified as areas of concentrated loggerhead interactions with the pelagic longline fishery (Williams et al. 1996) . To analyze the sea turtle bycatch data, we used the number of turtles captured on each set (there are usually multiple sets that occur during a fishing trip). The data analyzed are from 1992 to 2003. During 2001 to 2003, an experiment to examine gear modifications was conducted in the NED. Because that experiment controlled the fishing and the vessels within the NED, we have excluded those data from the analysis. The model was run separately for the loggerhead and leatherback sea turtles. The total number of sets used in the analysis was 3866, of which 411 were in the NED, 1449 were in the NECMAB, and 2006 were in the GOM. Additionally, of the total sets, 82 listed the target species as bigeye tuna, 817 as swordfish, 878 as tuna, 832 as yellowfin tuna, and 1257 as mixed. There was a total of 391 loggerhead sea turtles and 374 leatherback sea turtles caught on these observed sets. Of all the sets, 3644 had no loggerhead sea turtle catches while 3577 sets had no leatherback sea turtle catches. For loggerhead sea turtles, there were 150 sets with 1 sea turtle catch, 25 sets with 2 catches, 23 sets with 3 catches, 12 sets with 4 catches, 12 sets with 5 or greater catches with 9 being the highest number caught on 1 set. For leatherback sea turtles, there were 234 sets with 1 turtle catch, 37 sets with 2 catches, 12 sets with 3 catches, 2 sets with 4 catches, and 3 sets with 5 catches, and 1 set with 7 catches.
Model. Exploration of the data indicated that they were not perfectly Poisson distributed (the mean-variance relationship was not upheld), but that the data were over-dispersed for both species. In this case, because of the large number of sets that have no sea turtle catches, zero-inflated (or over-dispersed) models are likely more appropriate for analyzing the data. Here we present a hierarchical approach with a zeroinflated Poisson distribution for the observation model. First, we describe the captures of sea turtles as having a Poisson distribution with a zero-inflation parameter:
where z i has a Bernoulli distribution with parameter ψ. The Pr(z = 0), i.e. 1 -ψ, is often called the zero-inflation parameter. Under a Poisson regression model we assume that the logarithm of the mean count is related linearly to covariates according to:
where α is the intercept, the β's are the parameter coefficients, and log(hooks) is an offset term (Dobson 1990) equal to the number of hooks (in thousands). Because of the offset term we are effectively looking at rates of bycatch (number of sea turtles per 1000 hooks). The index, i, represents a single longline set, r is an indicator for the region in which the longline set occurred (GOM, NECMAB, or NED) and k indicates the target species category (swordfish, tuna, bigeye tuna, or mixed). In order to maintain identifiability in the parameters, we did not code yellowfin tuna as a category, thus it will be included in the intercept term for each region, α r , and each of the other target species' parameter estimates will be relative to yellowfin tuna in the results. To incorporate a mechanism for looking at regional differences in parameter values, we specified the coefficients for the intercept, temperature, and temperature squared (the quadratic term for temperature) as separate fixed effects in the model. Any of the coefficients could have been specified as such, but here, we were particularly interested in the regional differences of the mean number of turtles captured and the influence of temperature. The priors for the coefficients are set such that where β represents any of the coefficients in the model. Similarly, we specify a non-informative prior for α, such that α r~ Normal(0,100). Additionally, we used a uniform prior on [0,1] for ψ, the prior parameter for z i .
Model selection. The posterior model probabilities were computed for each of the possible models (32 total model possibilities). This was done by defining a latent indicator variable, w j , for each effect, j, of the model (Kuo & Mallick 1998 , Congdon 2007 , Royle & Dorazio 2008 . We define the set of latent indicator variables as where each w j has a Bernoulli(0.5) prior distribution and multiplies the variables in the model. This prior on w j means that each term has the same chance of being included in the model as it does of not being included in the model, thus the assumption is that all models in the model set are equally probable. We deviate slightly from this assumption in that the squared temperature term includes both w 1 and w 2 so that the quadratic term is included in the model only when the linear term is included. There are 32 possible models in the model set. In this case, most models have a prior prob- This formulation of the model can be easily implemented in the software package WinBUGS and the model specification for the data with the model selection parameters is shown in Box 1. The MCMC algorithm was run for 30 000 iterations, with 3 chains, the first 10 000 were discarded, and posterior summaries were computed from the remaining iterations from the model with the highest posterior weight. Model convergence was checked by running multiple chains in WinBUGS, and by evaluating the potential scale reduction factor (Rhat) in Gelman's (2003) Bugs functions.
Model extension. Because we estimate z i within the model, we can also allow the expected value of z i , E[z i ], to be a function of one or more of the environmental variables as well. In the section 'Model' above we defined z i as where ψ i had a uniform prior on [0,1]. However, we can extend the model and describe ψ i as a function of temperature such that where b 1 and b 2 are the parameter coefficients, similar to β 1 and β 2 described above, and α1 is the intercept. Again, i represents a single longline set and r is the indicator for the region (GOM, NECMAB, or NED). This model extension was done to examine the influence of temperature on the likelihood of capturing at least 1 turtle, as compared with the influence of temperature on the number of sea turtles captured. The distinction is subtle but can provide more insights into how variables may influence different model parameters. The other covariates were still included in the model (i.e. soak time, bottom depth, and target species were allowed to influence the mean of the Poisson in the model as described in the section 'Model' above).
RESULTS
The shape of the distribution pattern of temperatures for all fishing locations is relatively unimodal (mean = 23.81; standard deviation [SD] = 4.26), with a spike at 24 to 25°C (Fig. 2) . The total number of turtles caught generally displays a bell-shaped curve across the temperature range. However, when fishing and turtle catches are separated by region, the distributions of temperatures exhibit more detail, with fishing and turtle catches differing by area (Fig. 3) . Part of the regional differences may be explained by the observed difference in the range of temperatures for each region (note the peaks in the counts of Fig. 3 ). These underlying differences are clearly due to varying seasonal conditions at the different latitudes. The fishing loca- (Fig. 3 , note the y-axis is different so the total number captured is not as dramatic as it appears). Additionally, Fig. 3 indicates that more leatherback sea turtles were captured in the GOM than loggerhead sea turtles, whereas the NED had more loggerhead sea turtle captures, and the NECMAB showed a similar number of both species.
All of the models achieved convergence based on an evaluation of the MCMC chains from WinBUGS, and all values of Rhat were less than 1.1, which indicates convergence (Gelman & Hill 2007) . However, when using the model extension, we found it was necessary to increase the number of iterations to achieve convergence. In this case, we ran the models for 50 000 iterations, and the first 30 000 iterations were discarded.
Based on the model selection process, the model with the most weight for the loggerhead sea turtle captures was the one that included temperature and temperature squared, bottom depth, and the target species for the set ( Table 1 ). The posterior summaries for the parameter estimates of the loggerhead sea turtle model are shown in Table 2 . Of the target species, the swordfish category had the highest mean value of all the categories (Table 2) ; however, the credible intervals for swordfish were only significantly different from yellowfin tuna. Although bottom depth was included in the best model, only the posterior estimate for the NED was significantly greater than 0. The GOM had the lowest estimated intercept value of loggerhead sea turtle catches of the 3 regions. The conditional effect of temperature and the pattern of the influence of temperature (based on the additive effect of temperature and temperature squared) varied by region (Fig. 4) . To show the conditional effect, the other covariates in the model were held constant using the mean of each, and we set log(hooks) = 0. In the NECMAB, the results show a unimodal curve with the peak number of loggerhead sea turtles captured at 21°C (Fig. 4) . The results for the NED display a pattern whereby the number of loggerhead sea turtles captured increases almost linearly until 22°C, at which point the curve starts to decline again (Fig. 4) . There was no significant effect of the temperature parameters in the GOM. When the model extension was conducted for the loggerhead sea turtles, the results were very similar. The model with the most weight included the same variables: temperature, the quadratic temperature term, bottom depth, and target species. Due to the similarities in results from both models, we do not present the output from the model extension here.
For the leatherback sea turtles, the model with the most weight included only target species, and a small weight was given to the model with target species and soak time (Table 1) ; the posterior summaries for the regional means and target species are shown in Table 3 . In this model, the temperature variables were not found to be significant and were not assigned any weight in the possible model sets. Sets targeting mixed species and swordfish had the highest estimated means for the number of leatherback sea turtles captured. In both the leatherback and loggerhead sea turtle models, the sets targeted at tuna had a similar posterior mean estimate. As with the loggerhead sea turtle model, the NED had the highest estimated mean number of leatherback sea turtle catches of the 3 regions (based on the intercept term). When the leatherback sea turtle model was modified to allow the zero-inflation parameter to vary by temperature, we found that temperature and temperature squared were included in the best model based on the model selection technique. Specifically, the parameter estimates for the NED and NECMAB were statistically different from 0 based on the 95% credible interval, while the 95% credible interval for the parameter estimates of both temperature terms included 0 in the GOM (Table 4) . The results for the NED and the NECMAB were similar and displayed a pattern where the probability of catching at least 1 leatherback sea turtle increases until 20°C, at which point the curve declines (Fig. 5) . The probability of catching at least 1 turtle is calculated Table 2 . Posterior summaries of model parameters, given on the log scale, for the loggerhead sea turtle model with the most weight (full model without soak time). Parameter values are for each region and each target species. Yellowfin tuna is the mean value for the target variable; all the other species values are listed relative to yellowfin tuna. GOM = Gulf of Mexico, NECMAB = Northeast Coastal combined, NED = Northeast distant region, BET = big-eyed tuna. Summary includes mean, SD, median and 2.5th and 97.5th percentiles as ψ × (1 -e -λ ), where 1 -ψ is the zero-inflation parameter and e -λ is the probability of a 0 under the Poisson distribution.
DISCUSSION
The results of this study show that the relationship between key environmental variables and the incidental capture of sea turtles varies by region. This suggests that management decisions aimed at reducing sea turtle bycatch may be more effective if they are spatially explicit. Because sea turtles are poikilotherms, water temperature is generally considered an important variable in analysis. Previous studies (e.g. Watson et al. 2005) have indicated that temperature affects bycatch rates. Our results support that relationship, and we have further quantified how the influence of temperature varies in 3 different regions. To reduce sea turtle captures, regulations could focus on restricting fishing above a specific temperature; however, our study indicates that the relationship between temperature and sea turtle bycatch is not linear in some regions, and thus more regionally specific temperature restrictions could be made. For example, instead of regulating all fishing in waters over 20°C to reduce loggerhead sea turtle bycatch in the NECMAB, it might be more effective to regulate fishing in this region in water temperatures between 19 and 24°C (where fishing is restricted in water temperatures that have an expected loggerhead sea turtle capture of greater than 0.1). In the GOM, however, due to the lack of a relationship between sea turtle captures and temperature, such restrictions focused on temperature would likely not reduce sea turtle bycatch. This is one example of how management may prove more effective by including a spatially explicit component. It is further possible that other potential variables including gear type, depth of the gear, and bait may also vary by region and thus should be analyzed spatially.
The use of hierarchical models in a Bayesian approach allows for more model flexibility, explicit model assumptions, and a clear model selection technique. Through the zero-inflated Poisson distribution model, we show that the relationship between the number of sea turtles captured and water temperature can be explored in different ways including the number caught as well as the probability of capturing at least 1 sea turtle. Additionally, zero-inflation is often a problem when dealing with rare or elusive species; thus, having a simple model to deal with the large number of zeros should prove useful in many contexts related to bycatch data. With the loggerhead sea turtle model, we found that all of the variables examined were significant in the model except soak time. The observed differences in the temperature conditions in the 3 regions likely contributed to the results, indicating that the number of sea turtles captured is influenced by the local temperature conditions. The maximum The y-axis is number of loggerhead sea turtles estimated to be captured per set at a given temperature (x-axis in°C). Circles show mean estimates and lines represent 95% credible interval. NECMAB = Northeast Coastal combined; NED = Northeast distant temperature fished in the NED is almost 6°C cooler than that of the NECMAB, the adjacent geographical region. In the warmer GOM, where the temperature range is narrower, sea turtles are caught more uniformly across all temperatures. In contrast, the number of loggerhead sea turtles captured in the NECMAB starts to decline at warmer temperatures. The parameter estimates for the linear and quadratic temperature terms varied by region, indicating that the estimated number of loggerhead sea turtles captured at a specific temperature is highly dependent on the region in which fishing is occurring. Arguably, the ecological needs or behavioral activities of sea turtles in different regions may be distinct due to different life stage requirements. If this is the case, management of sea turtles in the different regions may need to be more biologically based to fit the patterns of sea turtle behaviors. The bottom depth parameter was only significant in the NED for the loggerhead sea turtles. Further examination of the data for the NED indicated that this pattern was due primarily to a small number of sets that occurred in deep water with high loggerhead sea turtle catch.
While temperature was not important in predicting the number of leatherback sea turtles, it was an important factor in predicting the zero-inflation parameter. The results suggest that as the temperature increases, the probability of capturing a leatherback sea turtle increases until about 18 to 20°C, after which it decreases. One possible explanation for this seeming anomaly (that temperature is significant in the model extension but not the original model) is that the number of leatherback sea turtles captured on any given set is often only 1, and there are few sets with multiple leatherback sea turtle captures (234 sets captured just 1 leatherback sea turtle, while 55 sets captured 2 or more leatherback sea turtles). Aside from the structure of the data, we might expect temperature to be more appropriate for modeling the probability that a turtle will be at the same location as the set based on their probability of spending more time at certain temperatures. On the other hand, target species (a potential proxy for gear type) might influence the number of turtles actually caught, as the depth of the line or bait type, for instance, may affect how many turtles interact with fishing gear. Although leatherback sea turtles do generally have a large thermal mass, they still tend to be constrained by preferred temperature ranges (James et al. 2006) . In the GOM, we saw no relationship with temperature, but in the NED and NECMAB, we found a unimodal pattern of leatherback sea turtle interactions with the fishery having a peak around 20°C. This is consistent with other descriptions of the temperature ranges at which sea turtles tend to be most frequently found (Epperly et al. 1995 , Polovina et al. 2000 . In addition to temperature, the model estimates show that sets targeting swordfish captured higher numbers of loggerhead sea turtles. Similar results were found for the leatherback sea turtles, as sets targeting mixed species (again, most of these include swordfish among the species being targeted) and swordfish had the highest mean estimates, though not statistically different from the other species except yellowfin tuna. Despite the difference in other variable estimates such as temperature, the 2 sea turtle species had relatively similar estimates for the target species variable, particularly swordfish, thus indicating the importance of targeted species in the number of interactions with sea turtles. Potentially, the target species category is serving as proxy for gear type or another variable and thus further investigation would be warranted to help reduce the number of interactions between the fishery and sea turtles.
Modeling sea turtle bycatch data can be difficult since the data often represent a rare event and the count data include a large number of zeros (McCracken 2004) . Techniques to account for such data include zero-inflated models (e.g. the Poisson, ZIP; or negative-binomial, ZINB) and delta-F methods (see Martin et al. 2005 or Minami et al. 2007 for a comparison of the techniques). Minami et al. (2007) suggest that ZIP models are more appropriate when a species is caught infrequently but when present are in smaller groups, whereas the ZINB is appropriate when a species is caught infrequently but are present in larger groups when caught. Lennert-Cody et al. (2004) use a ZIP model for analyzing dolphin bycatch, while Minami et al. (2007) use a ZINB for shark bycatch. Sea turtle species, when captured in the Atlantic pelagic longline fishery, tend to appear alone or in smaller groups (generally, 1 to 3 turtles per set) and thus a ZIP model seemed to be appropriate for such data.
The hierarchical ZIP modeling approach we took allows for incorporating other useful extensions to the model. For example, adding covariate information into the model for E[z i ] permits covariates to directly influence the probability that a sea turtle is captured, not just the number captured. Also, because of the model structure, one could examine covariates in relation to the zero-inflation parameter and the mean of the Poisson distribution simultaneously. It is not clear how this could be done using a non-hierarchical approach. Certain biological mechanisms, for example clustering or inhibition in species distributions, might make one analysis more insightful over the other. Another model extension would be adjusting the WinBUGS model specification to define the parameters as random effects instead of fixed effects. This simple model extension would allow for the parameter estimates to vary by region (or by any category of a given variable) but with an overriding distribution on the parameter. In our application, there were only 3 regions of interest and 5 target species categories; however, in a study looking at more regions, more species, or more target species categories, specifying the coefficients as random effect parameters would provide a concise mechanism for examining the potential interactions between parameters (e.g. the interaction between region and temperature). Gelman & Hill (2007) provide a concise but informative discussion on random and fixed effects, including the number of categories and use of the terms 'fixed' and 'random'. James et al. (2005) suggest that for conservation of sea turtles in the pelagic waters of the Atlantic, modifying fishing practices may be more effective than implementing area closures. In fact, in 2004, gear modifications were required of the US fishermen in the Atlantic in order to reduce sea turtle interactions (US Department of Commerce 2004). Our study examined data from 1992 to 2003, which can be used in future years for comparing the probability of capture or number of sea turtles captured after implementation of the gear modifications. Noting the gear modification impacts across regions and temperature ranges will be insightful into the effectiveness of this type of management practice. Thus, the results of this study, showing the impact of spatially explicit temperature-dependence on the number of sea turtles caught, are useful as a practical application for management now and as a monitoring tool for future assessment of fishery management effectiveness.
Rules or regulations, such as not allowing fishing above a certain temperature over wide expanses of an ocean basin, are likely too broad to be effective for reducing sea turtle catches without negatively impacting the fishing industry. The ability to refine management actions based on the interactions of spatial units (e.g. regions) and environmental variables could prove to be as effective as altering fishing practices. The Bayesian approach described here provides a useful framework for future refinements to modeling fisheries interactions with sea turtles. The framework provides a concise and explicit mechanism for examining variable interactions, model selection, and other distributions (e.g. binomial, poisson, negative-binomial), and can be employed in future management strategies for the pelagic longline fishery.
